Due to the high maneuverability of unmanned aerial vehicle (UAV), a cluster of UAVs is considered used to collect sensing data from the sensors that distributed randomly in an area without the terrestrial infrastructure. The cluster members work as relays to forward the sensing data from sensors to the cluster head. For the reason that the relay deployment impacts the transmission rate and coverage area directly, we are going to optimize the deployment of the UAV relays, aiming to maximize the total capacity of the network. The problem of multi-relay deployment is intractable for two reasons. On one hand, because of the interactional and coupled relationship among the UAV relays, when the deployment of any given relay changes, the deployment optimization of other relays will be affected. On the other hand, on account of that the exact positions of the sensors are unknown, the deployment optimization of the UAV relays cannot be completed directly because of lacking parameters. In order to tackle the coupled relationship among the UAV relays, the problem of multi-relay deployment is modeled as a local interaction game. We prove that the multi-relay deployment game is an exact potential game that has at least one Nash equilibrium (NE) point. Then, the better reply-based relay deployment approach, which is an online learning approach that does not demand the information of the exact positions of sensors, is proposed to search the NE point. The simulation results show that the network capacity is significantly enhanced with the proposed relays deployment approach.
More importantly, UAVs play significant roles in the area without terrestrial infrastructure. They can establish temporary networks in a short time or implement temporary transmissions according to demands. Collecting data from the area without terrestrial infrastructure is one of the most important applications of UAV [12] . Compared to the ground device for data collection, using UAV for data collection has two main advantages. On one hand, with the advantage of high mobility, UAV can rapidly adjust its position according to demands unconstrained by geography. It is much more flexible compared to the ground device. On the other hand, UAV can be deployed in the air, thus it can provide a much higher probability of LoS transmission for the ground units, which means that a wider area can be covered and the channel condition will be better when using UAV for data collection.
In this paper, a cluster of UAVs is considered to be used to collect sensing data from the sensors that distributed randomly in an area without terrestrial infrastructure. The cluster members work as relays to forward the sensing data from sensors to the cluster head. Obviously, deployment of the UAV relays directly decides the coverage area and the transmission rates from sensors to the cluster head, which decides the length of time for completing data collection. Thus, we are going to optimize the deployment of UAV relays, aiming to maximize the total capacity of the network.
Nowadays, there have been some works about UAV relay, such as [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] . UAVs were used to work as relays to enhance performance for the ground networks or establish links for those communication pairs with remote communication distances or unavailable direct links. The deployments or trajectories of the UAV relays were optimized to maximize their utilities for the networks.
However, most of the existing works considered only one relay or only one source-destination pair existed in the network. When there are multiple relays and multiple sourcedestination pairs in the network, the problem of relays deployment optimization becomes much more difficult because of the interactional and coupled relationship among the relays. When the deployment of any given relay changes, the deployment optimization of the other relays will be affected because the sensors tend to select the relay with the best link quality for transmission. This characteristic makes the deployment of UAV relays complex and intractable.
In addition, most of the existing works considered that the exact positions of the ground units were prior known. However, the exact positions cannot be obtained if there is no positioning system. In this paper, we consider that sensors are distributed in an area without terrestrial infrastructure. So that the positioning system based on terrestrial infrastructure is unavailable. Besides, GPS is not considered equipped in the sensor for its high cost. Thus, the exact positions of the sensors are considered prior unknown in this paper. How to optimize the multi-relay deployment without exact positions of the ground units is an intractable problem that has not been studied in the existing literature.
In order to solve the problem of deployment optimization of multiple relays, we first need to tackle the interactional and coupled relationship among the relays. Fortunately, game theory is an outstanding tool to cope with the problem of multi-agent interaction problems [24] , [25] . Actually, each UAV relay can be taken as a dependent agent, whose aim is to maximize its utility. Besides, we discover that the change of the deployment of a certain relay only affects the deployment optimization of its neighboring relays. Thus, the problem of multi-relay deployment optimization is modeled as a local interaction game [26] . Then, we prove that the multi-relay deployment game is an exact potential game, which has at least one Nash equilibrium (NE) point [27] . Note that the NE point is just the global or local optimal multi-relay deployment. In another word, after modeling the problem of multirelay deployment as a local interaction game, the capacity of the network will be maximized when each relay maximizes its own utility. In this way, the interactional and coupled relationship among the relays is solved and the problem of multi-relay deployment optimization transforms into searching for the NE point of the multi-relay deployment game.
However, without the knowledge of exact positions of sensors, the NE point cannot be found directly because of lacking parameters. The knowledge we can use is the realtime transmission rates of the sensors. Thus, the better replybased deployment approach is proposed for the relays to search for the NE point. It is an online learning deployment approach that does not demand to know the exact positions of the sensors but utilizes the real-time transmission rates for iterations and finally converge to the NE point.
Moreover, in order to collect the sensing data of all sensors, the target area must be covered seamlessly at initialization. Thus, a seamless covering scheme is also proposed to initialize the deployment of relays. Summarily, the main contributions of this paper are as follows.
• Firstly, a network model that using a cluster of UAVs to collect sensing data from sensors is given. The problem of deployment optimization of the relays is formulated, aiming to maximize the total network capacity. Because of the interactional and coupled relationship among the relays and lacking the information of the exact positions of the sensors, the problem of multi-relay deployment optimization is intractable.
• In order to tackle the interactional and coupled relationship among the relays, the problem of multi-relay deployment is formulated as a local interaction game. Then, it is proved that the multi-relay deployment game is an exact potential game, which has at least one NE point. The interactional and coupled relationship among the relays is solved and the problem of multi-relay deployment optimization transforms into searching for the NE point of the game.
• Without the knowledge of the exact positions of the sensors, the NE point of the game cannot be solved directly. Thus, an online learning approach called better reply-based relay deployment approach is proposed to search the NE point via iterations utilizing the real-time transmission rates. Besides, a seamless covering scheme is also proposed to initialize the multi-relay deployment for ensuring to collect the information from all sensors.
• Finally, convergence behaviors of the proposed multirelay deployment approach are analyzed, and the capacity performance of the multi-relay network is evaluated. Simulation results show that our proposed approach achieves a significant enhancement on the network capacity.
The rest of this paper is organized as follows. In section II, we give a brief review of related work. In section III, the problem of multi-relay deployment optimization is formulated. In section IV, a potential game approach is proposed to solve the problem of deployment optimization. In section V, simulation results are given. Finally, the conclusion is presented in section VI. VOLUME 7, 2019 
II. RELATED WORK
Up to now, UAV relay has been studied by many researchers. They mainly focused on using UAV relay to enhance the performance for the ground networks or establish links for those communication pairs with remote communication distances or unavailable direct links. The deployments or trajectories of the UAV relays were optimized to maximize their utilities for the networks. In [13] , a UAV relay was deployed in the air to improve the connectivity of the ground network. It was shown that UAV could bring many benefits to the ground network. In [14] , a fixed-wing UAV relay was used to establish links for a remote source-destination pair. A mobile relaying technique was proposed to maximize the throughput of the relay network. Similarly, a variablerate relaying approach was proposed to decrease the outage probability for a UAV relay-aided source-destination pair in [15] . In [16] , a UAV worked as a relay between a mobile device on the ground and the base station. The network outage probability was minimized by jointly optimized the trajectory and transmission power of the UAV. In [17] , the optimal UAV relay deployment in a multi-rate network was investigated. In [18] , an FSO communication system was improved by the assistance of a UAV relay.
However, most above works considered only one sourcedestination pair and one relay existed in the network. When there are many source-destination pairs, resource competition exists among the source-destination pairs and the deployment of relay becomes more challenging. In [19] , a UAV relay was considered to establish links for a set of sourcedestination pairs that distributed on the ground with remote distances. In order to maximize the network throughput, several optimization variables, e.g. transmission power and relay deployment, were jointly optimized. However, only one UAV relay was considered in this work. When there are multiple relays in a network, the problem of deployment optimization of relays becomes much more difficult because of the interactional relationship among the relays. Authors in [20] and [21] proposed deployment schemes for multiple relays to maximize network throughput. However, still only one source-destination pair was considered and they have not really considered the interactional and coupled relationship among the relays. In addition, the above works considered that the exact positions of the communication units were prior known. Those deployment approaches are unavailable if the exact positions of the communication units are unknown, which is exactly considered in this paper. Our previous work [22] proposed model-free approaches that did not demand the knowledge of the exact positions of the ground units for relay deployment optimization. But still only one relay was in the network and the interactional and coupled relationship among the relays did not exist. There are still some works considered that there were multiple relays and multiple source-destination pairs in the network, such as [7] , [8] , [23] . However, they did not study the problem of multirelay deployment. In this paper, we consider using a cluster of UAVs to collecting data from sensors. In such a network, there are multiple relays and multiple source-destination pairs. Thus the interactional and coupled relationship exists among the relays, which makes the problem of multi-relay deployment optimization intractable. Besides, the problem cannot be solved directly because the exact positions of the sensors are unknown. To our knowledge, such a problem has not been studied in the existing works.
III. SYSTEM MODEL AND PROBLEM FORMULATION
As shown in Fig. 1 , a large number of sensors are distributed in a remote area without terrestrial infrastructure. The sensing data need to be sent back to the data center but it cannot be implemented without communication infrastructure. With the advantage of high mobility and flexibility, UAV can be used to first collect the sensing data and then send it back to the data center via satellite [28] . For the reason that the transmission powers of sensors are usually very low [29] , [30] , the transmission distances are very limited. Thus, the coverage area of one UAV is small. Using single UAV to collect the data will have low efficiency, i.e. it will cost a long time to collect all sensing data. In order to enhance the collecting efficiency, a cluster of UAVs is considered to implement the collection mission. The cluster head has a strong communication ability and it can communicate with the satellite. The cluster members work as relays to forward the packets from sensors to the cluster head so they do not demand as strong communication ability as the cluster head. Note that the deployment of the UAV relays impacts the collecting rate directly. Thus, we are going to optimize the deployment of the UAV relays, aiming to maximize the total capacity of the network.
Denote the set of sensors and UAV relays respectively as M = {1, 2, · · · , M } and N = {1, 2, · · · , N }, where M is the number of sensors and N is the number of UAVs. For any node m ∈ M, its 3-D Cartesian coordinate is denoted as (x m , y m , 0). Similarly, for any node n ∈ N , its Cartesian coordinate is denoted as (x n , y n , z n ). The cluster head is denoted as D, and its coordinate is (x D , y D , z D ). The arbitrary sensor m may be under the coverage of multiple UAVs, we assume that it will always select the one with the best signal to noise ratio (SNR). Denote the selection of sensor m as s m . In order to indicate whether sensor m selects the UAV n as relay, an indication function α m,n is given as follows:
That is, when the sensor m selects relay n as relay, then the indication function α m,n = 1. Otherwise, α m,n = 0
The air-to-ground (A2G) channel is considered to model the problem of relays deployment optimization. In this paper, we use the commonly used channel model proposed in [31] .
According to this channel model, the path loss between any ground sensor m ∈ M and UAV n ∈ N ∪ D is given as (unit:dB):
where the parameter a, b, η LoS and η NLoS are constants that decided by the communication environment. The θ m,n and d m,n is respectively the elevation and distance from sensor m to UAV n. In addition, f c and c are respectively the carrier frequency and light speed.
With the coordinates of sensor m and UAV n, the distance d m,n can be counted by:
In addition, the elevation θ m,n can be indicated as:
Thus, the channel gain between the sensor m and UAV n can be indicated as:
B. OPTIMIZATION OBJECTIVE
For the reason that all sensors and UAV relays connect with the cluster head, thus the cluster head can work as a central controller to allocate orthogonal channels for the communication nodes via some proven multiple access technology, such as time division multiple access (TDMA) and orthogonal frequency division multiple access (OFDMA) techniques [32] , [33] . Thus, mutual interference among the communication nodes in this network can be avoided, which is similar to some existing works, e.g. [34] , [35] . Suppose the transmission power of the sensor and the relay respectively as p s and p r , the signal to noise ratio (SNR) from arbitrary sensor m to the UAV relay n can be indicated as:
where σ 2 is the additive white Gaussian noise (AWGN) at the receiver. Note that the large-scale fading is considered in this paper instead of the small-scale fading because the average transmission rates of the links are counted. Similarly, the SNR from UAV relay n to the cluster head D can be indicated as:
Note that the link from UAV relay n to the cluster head D is air-to-air (A2A) link. Thus the A2G channel model is not appropriate for h n,D . The A2A link is dominated by LoS link where the channel quality depends mainly on the communication distance. So, h n,D can be indicated as:
where δ 0 is the channel power at the reference distance 1m. It can be indicated as
where c is the light speed and f c is the carrier frequency. d n,D is the distance between UAV relay n and cluster head D.
The SNR from the sensor m to cluster head D via direct link can be indicated as:
The antenna on the relay is assumed to be half-duplex and the amplify-and-forward (AF) relaying mode is considered in this network. According to [36] , the transmission rate of the sensor m via UAV relay n can be indicated as:
where α m,n is the indication function as shown in equation (1) and W is the channel bandwidth. Note that if the sensor m does not select the UAV relay n, the indication function α m,n = 0 so that we have R m,n = 0. Thus, the transmission rate of sensor m can be indicated as:
Similarly, the capacity of relay n can be indicated as:
The total capacity of the network can be indicated as: VOLUME 7, 2019 We are going to optimize the deployment of the UAV relays, aiming to maximize the total capacity of the network. Thus, the optimization objective can be indicated as:
where the H min is the minimal altitude of the UAV relay that determines the lower bound of LoS transmission for the ground sensors. The H max is the maximal altitude of the UAV relay that avoids losing connection. The constraint n∈N α m,n = 1 represents that one sensor can select only one relay for transmission. The problem P1 is challenging for the following reasons. Firstly, the relationship among the relays is interactional and coupled. That is, when the deployment of any given relay changes, the deployment optimization of the other relays will be affected because the sensors always select the relay with the best link quality for transmission. This characteristic makes the deployment of UAV relays complex and intractable. Secondly, the exact positions of the sensors are prior unknown, which means the optimal deployment of the UAV relays cannot be solved directly because of lacking parameters. In the next section, we are going to cope with the interactional and coupled relationship among the relays and then proposed an online learning approach that does not demand the exact positions of the sensors to find the optimal multi-relay deployment.
IV. POTENTIAL GAME APPROACH
First, we are going to tackle the interactional and coupled relationship among the relays. Game theory is an outstanding tool to cope with the problem of multi-agent interaction problems [24] , [25] . It is widely used to study optimal strategies for multiple decision-makers. Thus, in this section we model the problem of multi-relay deployment optimization as a local interaction game, which will be proved to be a exact potential game, aiming to make the interactional and coupled relationship among the relays tractable. In the game model of multi-relay deployment, each UAV relay is taken as a dependent agent, whose aim is to find the optimal deployment to maximize its utility. The total capacity of the network is maximized when each UAV relay maximizes its utility. In this way, the interactional and coupled relationship among the relays is solved. More specifically, the game of multi-relay deployment is described as follows.
A. GAME MODEL Formally, the problem of multi-relay deployment is formulated as a game denoted as G = N , {A n } n∈N , {u n } n∈N , where N is the set of players, i.e. the UAV relays, A n is the set of available actions for player n, and u n is the utility function of player n. Next, we define the action and utility for the player.
For the reason that we are going to optimize the deployment of UAV relays and the movements of the UAVs are continuous but not discrete, thus the action of any player n ∈ N is defined as the available positions in each iteration. Considering the 3-D exploration, the available positions of the player n in each iteration is shown as Fig. 2 . That is, A n = {a 0 , a 1 , a 2 , a 3 , a 4 , a 5 , a 6 }, where a 0 is the current position. Denote the coordinate of the current position as a 0 = (x n , y n , z n ), then a 1 = (x n + d, y n , z n ), a 2 = (x n , y n + d, z n ), a 3 = (x n − d, y n , z n ), a 4 = (x n , y n − d, z n ), a 5 = (x n , y n , z n + d), a 6 = (x n , y n , z n − d), where d is the one step size of exploration.
Considering that the sensor always selects the relay with the highest SNR, thus when any certain relay changes its deployment, only its neighboring relays will be affected. Utilizing this characteristic, the utility function of any player n ∈ N is defined as the total capacity of UAV relay n and its neighboring relays, i.e. u n a n , a J n = f n a n , a J n + k∈J n f k a k , a J k ,
where f n a n , a J n = R n , ∀n ∈ N , i.e. f n a n , a J n represents the relay capacity of UAV n, which is defined as the equation (12) . The notations a n ∈ A n and a J n ∈ A J n are respectively the action of relay n and the action of the neighboring relays of relay n. J n is the set of neighboring relays of relay n. Next, we define the neighboring relays. With certain transmission power and deployment height, the coverage area of the UAV relay is also certain. Denote the coverage radius of relay n as r n and the circle center as O n . When the relay n change this position in any iteration, it may impact the capacity of the sensor in the circle that with center O n and radius r n + d, where d is the one step size, i.e. the distance that a UAV can move in a single iteration. Denote the distance of two arbitrary relay n, n ∈ N as d n, n . If d n, n < r n +r n + d, then the relay n and n are neighbors. Otherwise, i.e. d n, n ≥ r n + r n + d, the relay n and n are not neighbors. It can be seen more intuitively in Fig. 3 . Definition 1 (Nash Equilibrium [27] ): A relaying position profile a * = a * 1 , a * 2 , · · · , a * N is a Nash equilibrium point if and only if no UAV relay can improve its utility by change its position unilaterally. That is, ∀n ∈ N , ∀a n ∈ A n , a n = a * n , we have u n a * n , a * −n ≥ u n a n , a * −n .
Definition 2 (Exact Potential Game [27] ): If there exists a potential function φ that for ∀n ∈ N , ∀a n , a * n ∈ A n : u n a * n , a −n − u n (a n , a −n ) = φ a * n , a −n − φ (a n , a −n ) ,
Then this game is an exact potential game. According to [27] , an exact potential game must have at least one NE point. Theorem 1: The multi-relay deployment game G is an exact potential game with at least one pure-strategy NE.
Proof: First, we construct the potential function as follows:
φ (a n , a −n ) = n∈N f n a n , a J n = n∈N m∈M R m,n = C sum .
That is, the potential function is the total capacity of the relay network.
Suppose that an arbitrary UAV relay n ∈ N changes its relaying position from a n toā n , the change in its utility function can be indicated as: u n (ā n , a −n ) − u n (a n , a −n ) = f n ā n , a J n −f n a n , a J n +
Meanwhile, the change of relaying position of relay n will result in the change of potential function, which is indicated as: φ (ā n , a −n ) − φ (a n , a −n ) = f n ā n , a J n + k∈J n f k a k ,ā J k + j∈{N \J n },j =n f k a k ,ā J k − f n a n , a J n − k∈J n f k a k , a J k − j∈{N \J n },j =n f k a k , a J k = f n ā n , a J n − f n a n , a J n
For the reason that when the UAV relay n changes its relaying position, the capacities of the other relays that do not belongs to its neighbors are not impacted. Thus, we have
Then the equation (20) can be simplified as:
According to the definition, we know that the multi-relay deployment game G is an exact potential game, which has at least one pure strategy NE point.
It is worth mentioning that the potential function of the game G is just the total capacity of the network. Thus, after modeling the problem of deployment optimization of the UAV relays as the multi-relay deployment game G, the optimal deployment of relays can be found by searching the NE point for the game. Meanwhile, when each relay maximizes its utility, the network capacity will reach the optimum. Thus, the interactional and coupled relationship is solved and the problem of deployment optimization of the UAV relays becomes searching for the NE point for the multi-relay deployment game G.
B. BETTER REPLY-BASED DEPLOYMENT APPROACH
For the reason that the exact positions of the sensors are prior unknown, the NE point of the multi-relay deployment game cannot be solved directly because of lacking parameters. In order to find the NE point of the relays deployment game, an online learning approach called better reply-based deployment approach is proposed in this subsection. The idea of the better reply-based deployment approach is simple. The UAV relay selects an available action and executes it. If its utility increases, then stay at the current position. Otherwise, i.e. its utility decreases, then move back to the previous position. The proposed better reply-based deployment approach is described more specifically as follows.
At the beginning of each iteration, the cluster head selects K UAV relays, which are denoted as U = {U 1 , U 2 , · · · , U K }, to update their positions. Note that these UAV relays are not neighbors or neighbors' neighbors. For any UAV U k ∈ U, it will select an exploration action, which is denoted as a e ∈ A U k , with probability:
is the probability that UAV U k selects a i as exploration action at the iteration t. C t (a i ) is the utility difference, whose update formula is expressed:
where u e is the utility of UAV U k after executing the exploration action. u b is the utility of UAV U k before executing exploration action. After exploration, the UAV U k will decide its action selection based on the evolution of its utility. Denote the actual selected action at iteration t as a U k ,t , then we have
The process of the better reply-based deployment approach is shown in Algorithm 1.
Algorithm 1 Better Reply-Based Deployment Approach
1: Initialize: 2: Initialize the deployment of the M UAV relays in the target area; Set t = 0. 3: repeat 4: Step (1): The cluster head select several UAV relays randomly that denoted as U = {U 1 , U 2 , · · · , U K } to update their deployments.
5:
Step (2): For any UAV relay U k ∈ U, selects an exploration position with probability (23). 6: Step (3): Update the utility difference according to formula (24) . Decide the action selection according to formula (25) . 7: until t = T .
Theorem 2:
With the proposed better reply-based deployment approach, the network converges to the NE point with probability 1.
Proof: From the description of the proposed better reply-based deployment approach, we know that the network capacity is non-decreasing during the iteration. In a finite and static network, the network capacity must have an upper bound. Thus, the network must converge to stability with the increase of iteration steps. That is, no UAV relay can change its action unilaterally to increase the network capacity. From Definition 1, we know that the network reaches the NE point.
Note that the NE point may be the global or local optimal multi-relay deployment in the discrete space, but it cannot be guaranteed to be the global optimal deployment. To our knowledge, the only way to make sure the global optimum has been found is to examine all possible deployments. However, it is impossible to examine all possible deployments in a continuous space. Thus, the searching space must be discretized first if we want to examine all possible deployments. If the granularity of the discrete space is small enough, the approximate global optimal deployment can be obtained using the exhaustive search approach. Denote the number of discrete positions as Q and the number of relays as M . The number of possible deployments can be indicated as:
The exhaustive search of C M Q possible deployments may be hard to complete within the limited searching time. Increase the granularity of the discrete space can decrease the number of possible deployments, but it also decreases the searching accuracy at the same time. Too large granularity of the discrete space is also undesirable.
C. INITIALIZATION OF RELAYS DEPLOYMENT
In order to collect the information of all sensors, the constraint n∈N α m,n = 1 in problem P1 must be satisfied. For the reason that the exact positions of the sensors are unknown, the target area must be covered seamlessly at initialization. Thus, a seamless covering scheme must be proposed to initialize the deployment.
In order to minimize the number of UAV relays that cover the target area seamlessly, we first need to find the optimal height of relays that maximize their coverage area. For the reason that the transmission power of the sensor is much lower than the power of UAV, we mainly consider the uplink coverage.
When the SNR from any sensor m to the relay n, which is denoted as γ m,n , is bigger than the SNR threshold γ th , then the sensor m is under the cover of relay n. Obviously, when the SNR from any sensor m to the relay n is equal to the threshold, the coverage area will be maximal. Thus, p s h m,n σ 2 = γ th .
With the above equation, the path loss threshold can be indicated as (unit:dB):
According to [37] , we know that the coverage region radius R is a function of the height h. Thus, the optimal altitude can be obtained by solving the following equation:
For the reason that ∂θ ∂h =
the deployment height h that maximizes R can be achieved by finding the optimal θ , which is denoted as θ o . It can be solved by the following equation: ∂L m,n ∂θ = 0.
Combine the equation (2) and (31), we have π tan θ o 9 ln (10) +
We can see that the optimal elevation θ o depends on communication environment, i.e. the channel parameters a, b, η LoS , and η NLoS . With the optimal elevation θ o , we can obtain the maximal coverage radius R max by solving the following equation:
With the maximal coverage radius R max and the optimal elevation θ o , we can get the deployment height that maximize the coverage area:
Then the problem of seamless coverage can be simplified as the problem of circular disk coverage. According to [38] , when the radius of the circular disk is very small in relation to the target area, the best coverage approach is to place the centers of the circular disks on an equilateral triangle network.
V. NUMERICAL RESULT
In this section, convergence behaviors of the proposed multirelay deployment approach are analyzed, and the capacity performance of the UAV relays network is evaluated. The simulation platform used for evaluations is MATLAB 2016. Part of the simulation parameter settings are shown in Table 1 . Note that we consider the sensors are distributed in the urban environment, thus the channel parameters are set as a = 9.61, b = 0.16, η LoS = 1, and η NLoS = 20 according to [39] . With the given parameters, we can get the maximal radius R max = 700m and the according optimal height h o = 640m. Set the target area set as 10km × 10km and the cluster head is deployed in the center of the target area with height 640m. That is, the coordinate of the cluster head is (5000m, 5000m, 640m ). The number of sensors is set as 1000 and they are randomly distributed in the target area. The initialization of the UAV relays deployment is shown in Fig. 4 . We can see that the target area is covered seamlessly with 90 UAV relays.
With the step size d = 50m, the target area can be discretized into about 7.2 × 10 5 discrete positions. The number of UAV relays is 90. According to the formula (26), there will be 7.2 × 10 5 ! / 90! × 7.2 × 10 5 − 90 ! possible deployments. The number of possible deployments is too large to use exhaustive search approach approach to find the optimal deployment.
A. CONVERGENCE BEHAVIORS
First, we are going to show the evolution of network capacity with the increase of iteration steps. Our proposed better replybased deployment approach (BRBRD) considers multiple UAV relays to update their positions synchronously in each iteration. The number of synchronous UAV relays that update positions, which is denoted as K , is a factor that impacts the convergence rate of BRBRD. The evolution of network capacity with different K is shown in Fig. 5 , which is an average result of 50 trials. We can see that when K = 1, the convergence rate is quite low. With the increase of K , the convergence rate also increases. The convergence rate with K = 5 is much faster than the one with K = 1. Note that the UAV relays that synchronously update positions in the same iteration have to satisfy the condition that they are VOLUME 7, 2019 neither neighbors nor neighbors' neighbors, thus the number of synchronous update relays is limited.
In order to show the convergence result intuitively, we set K = 5 and the deployment of relays after convergence is shown in Fig. 6 . The red circles represent the coverage area of the corresponding relays. We can see that some of the circles become smaller than the initial ones but all the sensors are under coverage. The circles become smaller implies that the relays are deployed with lower height, which can decrease the communication distances between relays and sensors. In this way, transmission rates can be increased. The corresponding evolution of network capacity is shown in Fig. 7 . We can see that the network capacity is nondecreasing with the increase of the iteration number.
B. CAPACITY PERFORMANCE
In this subsection, we are going to evaluate the network capacities in different network conditions. First, in order to show that the deployment height of relays is one of the factors that impact the network capacity, we fix the deployment height of relays to the initial height and also use BRBRD to implement the multi-relay deployment optimization. The number of synchronous UAV relays is set to 5, i.e. K = 5. The evolution of the network capacities with different approaches are shown in Fig. 8 . We can see that the capacities of using BRBRD approach with variable height and fixed height are both better than the capacity with initial relays deployment after convergence. However, the capacity of the deployment with fixed height of relays is lower than the capacity of deployment with variable height. The reason is, changing the height of relays can change the distances between the sensors and relays and impact the quality of links. With variable deployment height, the relays can adjust their height to increase their transmission rates. With fixed height, the relays can only adjust their horizontal positions to increase their transmission rates. Also, we can see that the convergence step of the BRBRD with fixed height, which is about 600, is fewer than the convergence step of the BRBRD with variable height, which is about 400. The reason is that the BRBRD with fixed height has fewer searching dimensions than the BRBRD with variable height. In addition, the relays deployment that using BRBRD with fixed height of relays is shown intuitively in Fig. 9 .
Next, we analyze the impact of the number of sensors. With the increase of the number of sensors, the evolutions of the network capacities with three deployment schemes are shown in Fig. 10 . We can see that with all the three given deployment schemes, the network capacities increase linearly respected to the number of sensors. Both BRBRD with variable height and BRBRD with fixed height have higher network capacities than the initial relays deployment. However, the capacity of the BRBRD with fixed height is always close to the capacity with initial deployment. The increase of capacity of BRBRD with variable height is much higher than the BRBRD with the fixed height. Obviously, the network capacity is strongly impacted by the deployment height of relays.
In order to study the impact of the number of sensors more deeply, the percentage of capacity increase compared to initial deployment is shown in Fig. 11 . We can see that when the number of sensors is 200, BRBRD with variable height can increase the network capacity with about 38%, while the BRBRD with fixed height can only increase about 7%. With the increase of the number of sensors, the percentage of capacity increase becomes smaller. The reason is that with fewer sensors, the relays have more chances to decrease the communication distances or provide higher probabilities of LoS transmission for them. Anyway, the percentage of the capacity increase of BRBRD with variable height is much higher than the BRBRD with the fixed height.
Summarily, our propose multi-relay deployment approach can significantly improve the network capacity. Note that the simulation results might lack dominating comparisons to show the advantage of our approach. The reason is, we have not found similar works that could provide comparisons. But more importantly, we proposed a new idea for multi-relay deployment. That is, using the game theory to tackle the interactional and coupled relationship of the relays. The game theory usually appears in the studies about communications, e.g. opportunistic spectrum access [40] , [41] , but it has not been used for multi-relay deployment optimization. We believe that this paper might provide a significant reference for future works.
VI. CONCLUSION
In this paper, we considered using a cluster of UAVs to collecting sensing data from sensors that distributed in an area without terrestrial infrastructure. The problem of multirelay deployment optimization was investigated, aiming to maximize the total capacity of the network. On account of the interactional and coupled relationship among the relays, the problem of multi-relay deployment was formulated as a local interaction game and it was proved to be an exact potential game, which has at least one NE point. Because of lacking the knowledge about the exact positions of the sensors, The NE point cannot be found directly. Thus, an online learning approach was proposed to find the NE point based on realtime transmission rates via iterations. Simulations showed that our proposed multi-relay deployment approach achieved a significant enhancement on the network capacity.
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